Abstract-Motor cortical local field potentials (LFPs) have been successfully used to decode both kinematics and kinetics of arm movement. For future clinically viable prostheses, however, brain activity decoders will have to generalize well under a wide spectrum of behavioral conditions. This property has not yet been demonstrated clearly. Here, we provide evidence for the first time, that an LFP-based electromyogram (EMG) decoder can generalize reasonably well across two different types of behavior. We implanted intracortical microelectrode arrays in the primary motor (M1) and ventral pre-motor (PMv) cortices of a rhesus macaque, and recorded LFP and EMG activity from arm and hand muscles of the contralateral forelimb during a two-dimensional (2-D) centre-out isometric wrist torque task (TT), and during free reach and grasp behavior (FB). Selected temporal and spectral features of the LFP signals were used to train EMG decoders using data from both types of behavior separately. We assessed the decoding performance for both within-and across-task cases. The average achieved generalization score was 65 ± 20%, while in many cases individual scores reached 100%.
I. INTRODUCTION
The ultimate goal of brain-machine interfaces (BMIs) for motor rehabilitation [1] is to enable patients suffering from movement impairment, due to spinal cord injury (SCI), stroke or degenerative disorders [2] , [3] , to interact with the world physically, for example by controlling robotic interfaces [4] , [5] , [6] , [7] , or by restoring partial movement of the native limb through functional electrical stimulation (FES) of muscles [8] , [9] , [10] , [11] .
For effective FES, a robust mechanism of decoding muscle activity from cortical signals is required. Traditionally, spiking-activity (SA) of cortical neurons has been used to decode muscle activity recorded subcutaneously by electromyogram (EMG) electrodes [4] , [12] , [13] .
Recently, there has been increasing evidence that motor cortical local field potentials (LFPs) can provide an alternative robust control signal for BMIs for motor rehabilitation. LFP signals have been used on several occasions to decode both kinematics (i.e. hand position and velocity [14] , [15] , [16] , [17] ), and kinetics (i.e. EMG activity [18] ) of arm movement. LFPs have been found to be informative of movement kinematics even when neuronal SA is not present on the recording electrodes [19] . Evidence about the robustness of LFP signals has been provided by a recent study, which showed that an LFP-based cursor controller exhibited stable performance for a time course of 12 months, during which the decoder was not recalibrated [17] .
Although progress in the BMI field has been very rapid during the last two decades, one aspect that has often been neglected is that in real-life prosthetic applications, the decoders of a BMI should generalize well under different behavioral conditions. In this study, we provide evidence that a linear LFP-based EMG decoder is able to generalize reasonably well across two behavioral tasks, including free reach and grasp behavior (FB).
II. METHODS

A. Surgical and electrophysiological procedures
All procedures were carried in accordance with the UK Animals (Scientific Procedures) Act 1986 and approved by the local ethics committee of Newcastle University. We implanted a female rhesus monkey (Macaca mullata) with a 12-channel micro-wire (M/W) and a 32-channel floating microelectrode array (FMA) in the right primary motor cortex (M1), and a 12-channel M/W microelectrode array in the right ventral premotor cortex (PMv). Raw cortical signals were acquired by a digitising 128-channel amplifier at 24.4 kHz. To extract LFP signals, raw data were band-pass filtered between 1 and 300 Hz, and then down-sampled to 977 Hz.
EMG electrodes were implanted subcutaneously in the following 7 forearm and hand muscles of the left forelimb: ECR, ECU, FCR, FCU, FDS, FDP, 1DI (see Table I ). The EMG electrodes were routed subcutaneously to a percutaneous connector on the subject's head. Raw EMG signals were analog filtered (10 Hz to 5 kHz bandpass, with a 50 Hz notch filter), and sampled at 12 kHz. For off-line analysis, they were digitally low-pass filtered at 500 Hz, and downsampled to 2 kHz. 
B. Behavioral tasks
We recorded LFP and EMG activity during two different behavioral tasks: a centre-out isometric wrist torque task (TT), and FB. During the TT task, the monkey had to apply a two-dimensional (2-D) isometric left-wrist torque to control the position of a circular cursor on a screen. Each trial began with the cursor in the central 'home' region. Subsequently, a circular target appeared at one of 8 equally-spaced peripheral locations. Following a variable 'cue' period (1.2-2.4 s), the subject had to move the cursor to overlap the target for a fixed 'hold' period (0.6 s). If successful, the subject heard a reward tone and received a fruit reward. During FB, the subject voluntarily reached with its left hand for small pieces of food from a Klüver board. A total number of 10 recording sessions was performed, with each recording session consisting of 50-320 trials of TT followed by 5-15 minutes of FB.
C. Decoding
The following features were extracted from the LFP signals: the local motor potential (LMP), which is the window average of the raw LFP signal [21] , [22] , and the power in the following five frequency bands: 0-4, 7-20, 70-115, 130-198, 202-300 Hz [17] , [18] . The window length for the fast Fourier transform (FFT) calculations was set to 256 points with 207-point overlap, which yielded a new sample every 50.2 ms.
For EMG signals, the temporal envelope was extracted by digital high-pass filtering at 50 Hz (to remove electrocardiogram (ECG) and motion artifacts), full-wave rectification and low-pass filtering at 5 Hz. The processed signals were finally downsampled to 19.5 Hz to match the LFP samples. All filtering was performed both on the forward and backward directions to avoid any phase delays.
For decoding EMG activity from LFP features, we employed the Wiener filter [12] . The length of the linear filters was set to 502 ms. To avoid overfitting the training data, we only used 50 input features to train each individual decoder. The feature selection procedure was performed by using a feature ranking method based on input-output correlations [17] , [18] .
D. Performance assessment
Training and performance assessment of our EMG decoders was performed using a 5-fold cross-validation (CV) procedure. For each fold, the quality of EMG reconstruction was assessed by using both the coefficient of determination (R 2 ), and the normalised root-mean-squared-error (nRM SE), which consider the correlation and absolute difference between the measured and reconstructed EMG signals, respectively, and are defined as follows:
and
where p j andp j denote measured and reconstructed EMG values for the j th sample of a CV-fold,p andp denote their respective expected values over all the samples of the fold j = 1, . . . , M , and finally, p max and p min denote the maximum and minimum values respectively, of the measured EMG signal within the fold.
To compare within-and across-task decoding performance we used the following two generalization ratios [20] :
where the W and A indices denote within-and acrosstask decoding, respectively. Note that, unlike the nRM SE metric, the G nRM SE % ratio is defined such that it is an increasing function of the quality of generalization. Folds for which R Values inset at the top right denote R 2 scores. Overall R 2 scores for this fold (averaged across all muscles) were 0.60 ± 0.07 and 0.47 ± 0.10 (mean ± std), respectively. The corresponding nRM SE scores were 0.09 ± 0.02 and 0.15 ± 0.05. For muscle name abbreviations and primary functions, see Table I. III. RESULTS Traces of recorded EMG activity, along with the reconstructed signals from within-and across-task decoding, are presented in Fig. 1 . Values inset at the top right of each panel denote the respective R 2 scores calculated for the shown excerpt, and for each muscle separately. Fig. 2 summarises the quality of EMG reconstruction for within-and across-task decoding. The overall decoding performance, averaged across all muscles and folds, was R 2 = 0.51 ± 0.16 and 0.34 ± 0.16 (mean ± std, n = 350), respectively. The corresponding nRM SE values were 0.12 ± 0.03 and 0.19 ± 0.12.
To evaluate the across-task generalizability of our decoders, we computed the G R 2 % and G nRM SE % ratios. The results for each of the recorded muscles are summarised in Fig. 3 . The overall generalization performance, averaged across all muscles and folds, was G R 2 % = 65 ± 20 and G nRM SE % = 73 ± 23 (mean ± std, n = 348), respectively.
IV. DISCUSSION
Decoding performance slightly degraded in the case of across-task decoding (Fig. 2 and 3) . Notably, the nRM SE metric, which represents the generalization error of the decoder, was in some cases very high, even when the correlation between the measured and reconstructed signals was also high. This implies that, although the target signal was successfully tracked, there were scaling and/or offset errors (for instance, see Fig. 1, FDP muscle) . The scaling and offset issues were due to the regressors extrapolating to values outside the training data range. In our analyses, we deliberately chose not to make use of the non-linear subsystem of the Wiener cascade filter, which is usually employed for EMG decoding [18] , [20] , as this would further bias our decoders towards the training task. The scaling and offset errors could potentially be eliminated by fitting a linear or polynomial model to the output of the decoders, similar to the Wiener cascade filter approach, in order to fine-tune the prediction to a specific task. This would only require a very short period of training activity, as the number of fitting parameters would in that case be very small (e.g. 4 parameters for a 3 rd -order polynomial). To the best of our knowledge, this is the first piece of work to demonstrate that muscle activity decoders using LFPs as control signals can generalize over different tasks. Two studies have investigated generalization of EMG reconstruction in the past [20] , [23] , but both used SA signals from M1 for decoding, while also [20] was limited to investigating decoding performance only across altered conditions within a fixed behavioral task. A possible limitation of our study might be that it was limited to data coming only from one animal, however, the authors are currently working to extend this work to include data from additional animals.
In conclusion, this study provides evidence for the first time, that a simple linear LFP-based muscle activity decoder can generalize reasonably well across two different types of behavior. The implications of our findings could be of great importance in future design of BMIs for motor rehabilitation, as they provide evidence that motor cortical LFPs might offer a robust control signal for real-life prosthetic applications.
